ABSTRACT Haze is evident in most remote sensing (RS) images, particularly for the RS scenes captured in inclement weather, which severely hinders image interpretation. In this paper, two simple yet effective visibility restoration formulas are proposed for RGB-channel RS (RRS) images and multi-spectral RS (MSRS) images, respectively. More specifically, a robust gamma-correction-based dehazing model (RGDM) is first defined, which can better address the non-uniform illumination problem in hazy images. Then, the scene albedo restoration formula (SARF) used for the RRS images is obtained by imposing the existing prior knowledge on this RGDM, which enables us to simultaneously eliminate the interferences of haze and non-uniform illumination. In subsequence, according to Rayleigh's law, an expanded restoration formula (E-SARF) is further developed for MSRS data. Using the proposed E-SARF, the spatially varying haze in each band can be thoroughly removed without using any extra information. The experiments are conducted on the challenging RRS and MSRS images, including images with non-uniform illumination, non-uniform haze distribution, and heavy haze. The results reveal that the SARF and the E-SARF are superior to most other state-of-the-art techniques in terms of both the recover quality and the implementation efficiency.
I. INTRODUCTION
High-resolution remote sensing (RS) images taken by earth observation satellites have been widely used in meteorology, forestry, hydrology, and military since they contain rich spatial and geographic information. However, RS images captured in hazy weather are plagued by low visibility due to the particles suspended in the atmosphere (such as water vapor, fog, sand, dust, or smoke), resulting in contrast reduction and color distortion. The interference caused by haze directly affects the accuracy of RS image feature extraction, which can leads to errors in computer vision systems. Therefore, haze removal for RS images is crucial.
Available dehazing techniques are usually used for natural outdoor hazy images and can be roughly classified into two categories, i.e., fusion-based techniques [1] - [4] and physically-based methods [5] - [13] . The former one is based on Laplacian pyramid representation which blends the useful information of prepossessed images to achieve haze-free results. The latter, i.e., physically-based methods, usually employ a scattering model to simulate hazy images and the haze removal is realized by fully excavating the latent priori constraints, thus they feature better performance compared with fusion-based techniques. Although these methods designed for natural outdoor hazy images can also be used on hazy RS images, the restoration quality is limited. This is due to the fact that these methods only focus on adjusting the contrast of degraded images or the priori constraints discovered from outdoor images, which may be invalid for RS images.
There also exist some image dehazing methods specifically designed for RS images. Most of them are focused on RGB-channel RS (RRS) image dehazing [14] - [18] since visible bands are more susceptible to the interference of haze. Long et al. [14] utilized dark channel prior (DCP) and a lowpass Gaussian filter instead of the complex SM used in [6] to accelerate the haze removal for high-resolution RRS images.
However, this approach might result in over-saturation and incomplete dehazing for close-range and long-range scenes, respectively. Pan et al. [15] analyzed the statistical difference of DCP between RRS images and outdoor images. Based on the statistical results, a deforming imaging model for RRS image haze removal was then developed. Although high-quality recovered results can be obtained for most cases, this method suffers from slow calculation speed due to the guided filter (GF) used to refine the rough transmission. Singh and Kumar [16] proposed a trilateral filter based on fourth-order partial differential equations to refine coarse atmospheric veil. With the enhanced atmospheric veil, the haze shroud in RRS images can be eliminated via a modified imaging model. Another solution advocated in [17] has ability to generate better results by combining linear intensity transformation (LIT) and local property analysis (LPA). However, it can not well handle the large-scale white ground targets.
Note that the aforementioned methods concentrate on RGB-channels images dehazing. However, these methods are not suitable to be used on multi-spectral RS (MSRS) images containing both visible RGB bands and additional infrared bands. This is due to the fact that infrared bands have different wavelengths with visible bands, and the light with different wavelength has different responses to haze. Therefore, image dehazing on MSRS images has to be conducted differently in different bands. Early works [19] - [22] dealt with hazy MSRS image based on the visual feature of haze or cloud. For example, Du et al. [19] used wavelet analysis technique to remove the haze cover in satellite images based on the lower frequency feature of the haze. In [20] and [21] , according to the analysis of a visible-band space, a haze optimized transformation (HOT) was developed and used to describe and reduce the haze spatial distribution in RS images. Literature [22] introduced an adaptive homomorphic filter to correct the thin cloud effects. However, the performance achieved by these methods is limited due to the fact that the methods only rely on the intuitive characteristics and ignore the degradation mechanism of hazy MSRS images.
Recently, many new MSRS image dehazing methods were proposed that has a better performance. In [23] , MSRS image dehazing was realized by subtracting the haze thickness map which was obtained by searching dark objects locally in the whole image. This method can achieve promising results for most situations, but a color distortion problem arises in absolutely flat and highly reflective surfaces like dessert or snow. Benefitting from a powerful convolutional neural network (CNN), an end-to-end system was designed in [24] for MSRS image haze removal. However, the complicated CNN needs a lot of time to execute the training. The cloud and haze removal in [25] was attained by constructing the relationship between a visible band and a new cirrus band added in Landsat 8 OLI. The limitation of this method is that most existing satellites do not have the capability to capture the cirrus band. Apart from the problems mentioned above, currently available methods rarely concern the calculation speed and they are not able to deal with the RRS and MSRS images with non-uniform illumination.
In this paper, a modified gamma-correction-based dehazing model with significantly enhanced robustness (RGDM) is introduced for fast RRS and MSRS image dehazing. The model is defined based on the observations of the real world. Then, a scene albedo restoration formula (SARF) used for RRS images is derived by combining the existing priori constraint and this RGDM. The propsoed SARF is able to simultaneously exclude the interferences of haze and non-uniform-illumination with less calculation load. Subsequently, according to Rayleigh's law [26] , [27] , we established a proportional function of gamma variables corresponding to different wavelengths, which enables us to deduce an expanded restoration formula (E-SARF) for MSRS data. Both the proposed SARF and E-SARF are able to handle non-uniform haze. Experiments on a variety of degraded images demonstrate a high restoration quality and fast processing speed of both SARF and E-SARF.
II. BACKGROUND A. ATMOSPHERIC SCATTERING MODEL
Traditional atmospheric scattering model (ASM) [26] which is widely used in image dehazing and under-water image enhancement can be expressed by
where I is the hazy image, A is the atmospheric light, ρ is the expected scene albedo, and t is the medium transmission. More precisely, the transmission t is defined as
where d and β are the depth map and scattering coefficient, respectively. In Eq. (1), the first term A · ρ(x, y) · t(x, y) is named as Direct Attenuation. It describes how the scene reflected light is attenuated by the suspended particles. The second term A · (1 − t(x, y)) is Airlight which represents the color shift caused by the scattered lights. Fig. 1 shows FIGURE 1. Physical schematic of ASM for imaging RS data. VOLUME 7, 2019 FIGURE 2. Framework of ASM-based RRS image dehazing algorithm described in [15] .
the physical schematic of ASM for imaging RS data. Since the distance and atmospheric light are unknown parameters, removing haze from a given hazy RS image is very challenging.
B. ASM-BASED RRS IMAGE DEHAZING MODEL
Dark channel prior (DCP) [6] is a statistic of outdoor highquality images -in most local patches of such images, at least one color channel contains pixels with low intensity close to zero. Pan et al. [15] further summarized that the dark channel values of RGB-channel RS (RRS) images have a rightward translation relative to those of outdoor images, that is
where c is the color channel index, ρ c is a color channel of ρ, (x, y) is a local patch centered at (x, y), and C = 27.28/256 = 0.105 is the rightward translation. Assuming that the transmission t in a local patch (x, y) is constant, denoted as t. Then, calculating the dark channel on the both sides of ASM, i.e., Eq. (1), and combining Eq. (3) yields
where I c is a color channel of I, and A 0 is the mean value of A estimated in [6] . Note that transmission t is estimated according to the local constant hypothesis, which would introduce some halo effects in the depth discontinuities.
To eliminate these block artifacts, a guided filter (GF) [28] that has edge-transfer ability is employed in [15] to refine the rough transmission. Finally, with the refined transmission t refine and the estimated atmospheric light A, the haze-free scene can be directly restored by
The framework of ASM-based RRS image dehazing algorithm [15] is shown in Fig. 2 . It is observed from the figure that this method does not have light compensation ability for low-illumination scenes, thus it cannot fully reveal the target details and object contours in the corresponding regions (see the red circle). Moveover, although the employed GF has a lower complexity than that of SM used in [6] , its processing speed still influences the real-time performance for haze removal. The module used to refine transmission costs 0.34 seconds, which is close to half of the entire calculation time.
C. GAMMA-CORRECTION-BASED DEHAZING MODEL (GDM)
In our previous work [29] , it has been revealed that ASM can be approximated as an exponential form according to the traditional gamma correction technique. Specifically, gamma correction is expressed as
where I G is the correction result of hazy input I, and is the constant correction factor. Assuming that I G and I can fully meet the premises of using ASM, then we have
where A G and β G are the atmospheric light and scattering coefficient of I G , respectively. Combining Eqs. (6) (7) and letting A G = A , we can get
In [29] , the values of (ρ − 1) · e −β·d are further assumed to be very close to zero. Therefore, according to the equivalent infinitesimal theorem, Eq. (8) can be simplified into
The essence of image haze removal is to ensure that the scattering coefficient β G = 0, which leads to a gamma variableˇ = e β·d . Accordingly, a gamma correction-based dehazing model (GDM) was proposed as
The purpose of introducing atmospheric light A is to eliminate the color shift interference caused by ambient light. The key advantage of GDM is that its restoration scene ρ is less sensitive to the corresponding independent variableˇ , which effectively suppresses the halo/blocking artifacts in the recovered results. It should be pointed out that, our previously proposed GDM-based GVR [29] cannot handle the images with non-uniform haze and the prior constraint used in GVR is discovered from outdoor images. This means GVR is invalid for RS image, particularly for the RS scenes captured in non-uniform haze weather.
III. IMAGE DEHAZING METHOD FOR RGB-CHANNEL REMOTE SENSING (RRS) IMAGES A. ROBUST GDM (RGDM) MODEL
GDM is able to alleviate the halo artifacts in the dehazed images by employing a simple smoothing operator rather than the complex guided tools employed in [6] - [13] . However, the drawback is that the recovered scenes for lowillumination regions are blurry and always look too dark when using GDM to achieve image dehazing. Note that this nonuniform illumination problem also exists in RS images. In this case, A-constant assumption in GDM is not appropriate. Therefore, in this work, constant A is replaced by a variable ambient light L to address this issue. Subsequently, a revised model with more robustness named as RGDM is obtained, which is defined as
B. SCENE ALBEDO RESTORATION FORMULAE (SARF)
To simplify the subsequent refining process and address the non-uniform illumination problem, a scene albedo restoration formulae (SARF) is proposed by employing RGDM instead of GDM or ASM to model RS data. In specific, following a simple derivation, RGDM can be rewritten into
Then, we assume that the ambient light of logarithmic domain ln(L) and gamma variableˇ in a local patch are both constant, and are denoted by L and , respectively. Taking the min operation and max operation on Eq. (12) yields
where
Since ln(·) is monotonically increasing function, Eq. set (14) is equivalent to
Bright channel prior (BCP) [30] is also a statistic of highquality outdoor images that is based on a key observation, i.e., in most local patches in such images, at least one color channel exists pixels with high intensity close to one. We have conducted some experiments and found that BCP is also suitable for RS images (the corresponding statistical experiments can be obtained in author's personal website: https://www.researchgate.net/profile/Mingye_Ju). Formally, it can be described as
Combining Eq. sets (3) (13) (15) (16), the gamma variable and ambient light are computed as
Substituting Eq. set (17) into Eq. (11), the scene albedo can be easily restored by
Note that the min and max operations are both based on the local-constant assumption, some block effects might appear in dark(I) and bright(I). Thanks to the less sensitive feature of scene albedo in RGDM inherited from GDM [29] , we are able to use a mean filter with low complexity to relieve the VOLUME 7, 2019 block effects. Therefore, the RGDM-based image dehazing method for RRS images, i.e., SARF, is derived as
where mean(·) represents the mean filter operator.
C. EXPERIMENTAL RESULTS AND COMPARISONS
In this subsection, the proposed RGDM and SARF were tested and compared with other states-of-art techniques from different perspectives to fully assess their performance in dealing with hazy RRS images. Experiments were implemented by MATLAB2016b on a PC with Intel(R) Core(Tm) i5-7200UCPU@ 2.50GHz 8.00 GB RAM. In our experiments, the hazy RRS images were downloaded from Google Earth or other satellite sources.
1) INITIAL PARAMETER SETUP
In the proposed SARF, the patch size of DCP S 1 , patch size of BCP S 2 , and mean filter size S 3 need to be manually initialized. To investigate that how these parameters affect the dehazing performance, a recovery quality test was conducted with different combinations of the parameters. Fig. 3(a) shows the results restored via SARF from a hazy RRS image with different combinations of patch sizes S 1 and S 2 while S 3 is fixed at 65. It can be concluded from this figure that smaller patch sizes lead to stronger haze removal ability and more adequate light compensation. However, too small patch size introduces the adverse over-enhancement and over-saturation problem. Through comparison, generally the result with the best visual quality is obtained when S 1 = S 2 = 15. Parameter sweep results of the mean filter size S 3 with S 1 = S 2 fixed at 15 are shown in Fig. 3(b) . As can be seen, too small filter size results in over-saturation of the yellow rocks, while too large size cannot completely uncover the scene content in the region with dense haze. As a tradeoff, S 3 = 65 was selected. This parameter setup, i.e., S 1 = S 2 = 15 and S 3 = 65, was used in all the following experiments, including the experiments for the dehazing method E-SARF described in the following section. The parameter sweep results for E-SARF can be found on author's personal website: https://www.researchgate.net/profile/Mingye_Ju.
2) COMPARISON BETWEEN GDM AND RGDM
The core of the image dehazing method SARF is RGDM. On one hand, due to the variable ambient light assumption, RGDM has a much stronger ability in handling hazy images with non-uniform illumination compared to GDM using constant atmospheric light assumption. Fig. 4 illustrates the result comparison between the proposed RGDM-based SARF and GDM-based image dehazing method, i.e., GVR in [29] , on a non-uniformly illuminated hazy RRS image. It is obvious that RGDM exhibits significantly better light compensation ability.
On the other hand, RGDM is developed from GDM and inherits the advantage of being able to use very simple mean Comparison of dehazing results using GDM-based GVR in [29] and RGDM-based SARF proposed in this work on an example hazy image with non-uniform illumination.
filters rather than guided filters, which noticeably reduces computational loads and increases processing speed. To support this standpoint, we compared the dehazing results on an example hazy image using different models (ASM, GDM, and RGDM) and different filters (guided filter and mean filter) as shown in Fig. 5 . For fairness, all the dehazing models employ DCP discovered from RRS images [15] to realize haze removal. According to the figure, replacing guided filter with mean filter does not introduce visually observed differences for GDM and RGDM. Unfortunately, ASM cannot completely exclude the halo artifacts when using mean filter to refine rough transmission, as indicated in the 5254 VOLUME 7, 2019 FIGURE 5. Comparison of dehazing results using different models (ASM, GDM, and RGDM) and different filters (guided filter and mean filter). yellow zoom-in patches of Fig. 5 . Since the atmospheric light location [6] introduced in ASM and GDM has lower computational load than that of ambient light estimation used in RGDM, i.e., Eq. (17), the calculation speed of image dehazing based on RGDM is slower than those based on other models. However, RGDM can achieve a better restoration of edge contrast and color vividness compared with both ASM and GDM.
3) QUALITATIVE COMPARISON BETWEEN SARF AND OTHER STATE-OF-ART TECHNIQUES
Being able to handle hazy RRS images with complex environment, for example, heavy haze, non-uniform haze, and non-uniform illumination, is also crucial but challenging for dehazing techniques. Therefore, as shown in Fig. 6 , five challenging RRS images were selected to conduct the comparison between SARF and the sate-of-art methods, including DehazeNet [8] , DEFADE [3] , SID [14] , and DHIM [15] .
As observed from Figs. 6(b) and 6(c), when dealing with hazy RRS images, DehazeNet and DEFADE that are mainly used for hazy natural outdoor images are much less competitive compared to approaches specifically designed for RRS images, for example, SID, DHIM, and SARF. The dehazing results based on DehazeNet and DEFADE always suffer from over-saturation or haze residue problem. This is mainly attributed to the fact that the prior knowledge or the haze features used in DehazeNet and DEFADE are discovered from hazy outdoor images rather than RRS images. In the last row of Figs. 6(d) and 6(e), it can be observed that the dehazed images via SID and DHIM unfortunately lead to over-saturation problem in bright regions, thus the original information in the corresponding scenes is lost (see the red circles). This is due to the inaccurate estimation of atmospheric light caused by the bright object with large size. Moreover, SID cannot well handle the non-uniform haze situation. As shown in the third row of Fig. 6(d) , the recovered image using SID still has some mist at the location where thick haze exists in the original image. Apart from the aforementioned problems, these techniques all lack the light compensation ability for shadow scene, thus the texture details in recovered low-illumination regions still appear to VOLUME 7, 2019 be quite blurry (see the images in the bottom two rows). Different from these methods, SARF is free from the above negative interferences and can reveal richer target contours regardless even the haze or illumination are non-uniform.
4) QUANTITATIVE COMPARISON BETWEEN SARF AND OTHER STATE-OF-ART TECHNIQUES
To avoid subjective bias of the above quality comparison, the dehazed results via different techniques were also assessed quantitatively. In this work, three widely-recognized non-reference indexes, i.e., fog aware density evaluator (FADE) [3] , mean ratio of the gradients at visible edge (r) [31] , and new visible edge ratio (e) [31] were employed. In general, lower FADE indicates stronger dehazing ability, greaterr and e indicate richer information contained in the recovery results. The state-of-art techniques and the proposed SARF were assessed by these indexes on dealing with the hazy images shown in Fig. 6 . The values of the assessment indexes are summarized in Table 1 .
It can be concluded from Table 1 that the proposed SARF has the highest values ofr and e for all the given examples, which demonstrates that SARF has a stronger capability of removing haze. However, for the first and third examples in Fig. 6 , the FADE's values of SARF are larger than others. This is due to the fact that the results restored by SARF are brighter, which is misidentified as haze by FADE. Moreover, another significant advantage of the proposed SARF is its high efficiency and real-time performance. SARF only contains the simple min, max, and mean filters, and these operations can be further accelerated via box filter [28] . Therefore, the theoretical complexity of SARF is only O(l, w) where l and w are image height and width, respectively. Table 2 lists the time cost on dehazing the first image in Fig. 6 as an example with different resolutions by different dehazing techniques. It is demonstrated that SARF exhibits a significantly faster calculation time compared to DehazeNet, DEFADE, DHIM, as well as is very close to SID with high efficiency. 
IV. IMAGE DEHAZING METHOD FOR MULTI-SPECTRAL REMOTE SENSING (MSRS) IMAGES A. MSRS IMAGE DEHAZING USING SARF
Note that SARF described in the last subsection is not able to handle multi-spectral RS (MSRS) images. To achieve haze removal for multi-spectral remote sensing data, an expansion strategy for SARF is further proposed. We firstly normalized the input MSRS image I MSRS = I MSRS /2 b ∈ [0, 1], where I MSRS is the original MSRS data and b is the bit depth of pixel contained in I MSRS . Then, adopting the derivation process similar to that of SARF, gamma variableˇ MSRS , ambient light L MSRS , and scene albedo ρ j MSRS of j th band in I MSRS were obtained as
where I j MSRS is the j th band in I MSRS , dark(I MSRS ) and bright(I MSRS ) are computed via
where n is the number of bands. In this work, experiments for MSRS images haze removal are based on the collected Landsat 8 OLI data available online [https://earthexplorer.usgs.gov]. Its band information is illustrated in Table 3 . Please note that the band 9 in Landsat 8 OLI images is used for detecting cloud distribution and does not record the real information of earth surface. Therefore, in this work, haze removal is only required for bands 1 − 8. Fig. 7 gives the test result of Eq. (20) on a hazy Landsat 8 OLI image. As observed in the figure, although the texture details of bands 4 − 7 have been enhanced remarkably, the recovery scenes of bands 1 − 3 and 8 still contain haze, especially in the true color combined by bands 4, 3, 2. This is due to the fact that the influence of haze is reduced gradually with the wavelength increasing, thus the bands with different wavelengths should adopt different gamma variables to mitigate the interference of haze. 
B. EXPANDED SARF (E-SARF)
To address the above issue of using SARF to dehaze MSRS images, a repair mechanism for Eq. (20) is provided. First, based on the proposed RGDM, the gamma variableˇ 
where β j MSRS is scattering coefficient of j th band and d MSRS is scene depth of I MSRS . Taking logarithm operation on both sides of Eq. (22) yields
According to Rayleigh's law [26] , [27] , the relationship between the scattering coefficient and wavelength can be expressed as
where γ ∈ [0, 4] depending on the particle size suspended in the atmosphere and λ j MSRS is the center wavelength of band j. Substituting Eq. (24) into (23), we get
Then, the relationship of ln(ˇ MSRS ) of any two bands, i.e., j 1 and j 2 ∈ [1, 2, ...n], in a MSRS image I MSRS can be described as
Once the gamma variable of one band is determined, the gamma variables of other bands can be obtained via Eq. (26) . In Eq. (20) , gamma variableˇ MSRS is computed from all the bands contained in MSRS images. Based on this fact, here we assume that the wavelength λ M MSRS corresponding toˇ MSRS equals the average value of all the bands' center wavelengths. Accordingly, Eq. (26) can be rewritten intǒ
Combining Eqs. (20) and (27) , the expanded recovery formula (E-SARF) for MSRS data is obtained as
where γ is set according to [32] . For clarity, the schematic overview of the using the proposed E-SARF on an example Landsat 8 OLI image is illustrated in Fig. 8 . It is observed that the proposed E-SARF can thoroughly uncover the scene VOLUME 7, 2019 FIGURE 8. Schematic view of the image dehazing process using E-SARF.
contours for each band without introducing any negative effects. It also truly resumes the target colors from true color contaminated by haze. Moreover, all the operations employed in E-SARF have low computational loads, which guarantees its real-time performance.
C. EXPERIMENTAL RESULTS AND COMPARISONS
To demonstrate the superiority of E-SARF on dealing with MSRS images, both qualitative and quantitative comparisons were made between E-SARF and other available techniques, including IMCR [33] , P-DCP [34] , and HR [23] . The experiments were conducted with the same computer configuration, simulation language, and parameter setup as previously described in Section III, C. The MSRS images used in the experiments were collected online from [https://earthexplorer.usgs.gov]. Fig. 9 illustrates the results comparison between E-SARF, IMCR, P-DCP, and HR on two hazy MSRS images (one with uniform haze and one with non-uniform haze). The results of the eight dehazed bands and the true color results obtained by combining bands 4, 3, 2 are included in the figure.
1) QUALITATIVE COMPARISON BETWEEN E-SARF AND OTHER STATE-OF-ART TECHNIQUES
As shown in the second row of the two sub-figures, IMCR is able to uncover reasonable texture details for most bands, but it cannot deal with the scenes with non-uniform haze (see case B). The third row of the sub-figures shows that the results produced via P-DCP always have adverse spectral distortions or mist residue. This is because P-DCP sets the transmission maps of all bands identically, thus neglects the effect of wavelength on haze interference. Moreover, P-DCP also lacks the ability to handle the case with non-uniform haze (see case B). Although HR is capable of eliminating the haze and unveiling the scenic surface for the given examples, the restored textures are too dim, which makes the visual effect appear to be unrealistic. In comparison, E-SARF's results have gentle sharpness and contrast for each band. Moreover, E-SARF has the most realistic true color results combined by bands 4, 3, 2 of the two images.
2) QUANTITATIVE COMPARISON BETWEEN E-SARF AND OTHER STATE-OF-ART TECHNIQUES
Similar to the quantitative comparison between SARF and other techniques, here we used the same aforementioned nonreference metrics, i.e., FADE,r, and e, as the test criteria to quantitatively evaluate the dehazing algorithms designed for MSRS data. The scores of these metrics corresponding to the recovered results in Fig. 9 are depicted in Table 4 . Note that values ofr and e listed in Table 4 are the mean value of all the assessed bands, and the values of FADE are calculated from the true color results combined by bands 4, 3, 2. By analyzing the data in Table 4 , it is found that the scores ofr and e of E-SARF outperform the other comparable methods in the given experimental examples, which proves that the proposed E-SARF is able to attain richer scene textures. Although the FADE values are not the best, it is because of the fact that FADE mistakenly judges the brighter scenes caused by light compensation ability as dense haze. Furthermore, the running time of the algorithms are compared on the first example Fig. 9 ) with different resolutions.
with different resolutions, and the results are summarized in Table 5 . As expected, E-SARF proposed in this work is the fastest among the comparable algorithms.
V. CONCLUSION
In this paper, robust gamma-correction-based dehazing model (RGDM) is proposed to describe the images degraded by haze, fog, and shadow. Combining this RGDM and existing prior knowledge, we derived a scene albedo restoration formula (SARF) for RGB-channel remote sensing (RRS) images. Then, an expanded restoration formula (E-SARF) was further developed for multi-spectral remote sensing (MSRS) data according to Rayleigh's law. Qualitative and quantitative comparisons between the proposed methods (SARF and E-SARF) and other state-of-art techniques were conducted. It is demonstrated that the proposed methods not only thoroughly removes the haze or fog in such images, but also effectively excludes the interference of non-uniform illumination. More importantly, SARF and E-SARF perform much faster than most other comparable dehazing techniques, which makes them excellent candidates for real-time applications.
